Introduction
Many econometric models underline the assumptions of constant variance of residuals over a period of time. But a number of empirical studies question this assumption and non-normality of the error term so called heteroskedasticity. The existence of such a phenomenon in financial time series such as stocks returns or exchange rates exhibit, what is known as volatility clustering. This suggests that large fluctuations in these series tend to be followed by large fluctuations and that small fluctuations are followed by small ones. This article attempts to investigate the presence of heteroskedasticity and the asymmetric effect of good or bad news on stock market returns. The presence of heteroskedasticity in stock returns signifies that the unexpected volatility in previous period affects the investment decisions in the current time period. Under this situation, the use of variance to capture fluctuations in stock returns will provide only gross volatility. Researchers commonly use variance as the standard measure of risk (Jones and Wilson 1989; Kumar 2007; Schwert 1990) . In fact, the stock market crash of October 1987 and October 1992 led researchers to give considerable attention to examining the sensitivity of stock returns to risk and uncertainty.
The modern investment theory educates the investors to make investment decisions under risk and uncertainty. Investors and policy makers may be interested in seeing the value of their portfolios at some future point of time with respect to risk, if such trends persist in stocks prices. In modelling this market phenomenon, the autoregressive conditional heteroskedasticity (ARCH) approach is used. This approach uses the conditional variance to be a function of the past error term and allows the variance of error term to vary over time (Engle 1982) . Bollerslev (1986) , further extended the ARCH process by allowing the conditional variance to be a function of the past error term as well as lagged value of conditional variance. This is based on the idea that the past error term which affects current investment decisions, and volatility of previous period combined together, has a significant impact over current investment decisions. Following the introduction of ARCH models by Engle (1982) and further generalization by Bollerslev (1986) , these models have been extensively used in explaining and modelling the time series data of the stock market.
In this article, attempts are made to estimate the conditional heteroskedasticity and asymmetric effect on volatility, and thereafter, testing the relationship between stock returns with expected volatility, and unexpected volatility. The present study roots its investigation back to a study by French et al. (1987) . Their study examined the monthly stock prices, and segregated monthly volatility into its expected and unexpected components. Their study also estimated the relationship between realized monthly returns and two volatility components. They found a significant negative relationship between returns and unexpected changes in volatility, as well as a significant positive relationship between returns and expected volatility under the GARCH-M process. Since then, a large number of studies support the use of ARCH models in forecasting the stock market volatility. Akgiray (1989) , Pagan and Schwert (1990) , Brailsford and Faff (1996) and Brooks (1998) used the US stock market data and found that the GARCH models provide better results in forecasting returns and volatility. Using the data set from Japanese and Singaporean stock markets, however, Tse (1991) and Tse and Tung (1992) found that the exponentially weighted moving average models provide a more accurate forecast than the GARCH models. Corhay and Rad (1994) used the European stock market data and found GARCH (1, 1) models to be better predictors of volatility.
The fact that the GARCH models fail to take into account the asymmetric effect of positive and negative stock returns, models such as Exponential or E-GARCH (Nelson 1991) and Threshold Autoregressive or TAR-GARCH (Engle and Ng 1993; Glosten et al. 1993; Tsay 1998 ) have been used in forecasting and estimating volatility. These models are used to capture the asymmetric effect of good and bad news on investment decisions. This line of research highlights the asymmetric effect of news by emphasizing that negative shock will generate more volatility to returns than a positive shock of equal magnitude. Aggarwal et al. (1999) examined the sudden change in volatility in emerging stock markets and found that the high volatility was attributed to a sudden change in variance. The periods with high volatility were found to be associated with important events in each country rather than global events. Chiang and Doong (2001) further used T-GARCH to examine the volatility of seven Asian stock markets and found an asymmetric effect on the conditional volatility when daily return was used. However, their study questions this phenomenon in case of monthly returns. Further extending the GARCH model, Mala and Reddy (2007) examined the volatility in the Fiji stock market by using a multivariate GARCH model for the period 2001-05. The study reports that interest rate changes have considerable impact on the stock market volatility.
Modelling of Volatility
Fluctuations in stock returns mark volatility in the stock market. Let P t be the price of index in time period t and P t-1 the price of index in preceding time period t-1. The rate of return R t investors will realize in t time period would be:
The realized return consists of a set of two components-expected return E(R t ) and unexpected return ε t . Expected return is attributed to stock and economic fundamentals, while the unexpected return arises due to good or bad news pertaining to stocks. Symbolically, it can be written as:
An upswing in ε t (unexpected rise in return) suggests arrival of good news while on the contrary, a downswing in ε t (unexpected decline in return) is a mark of bad news. Volatility in stock market resultant to expected return is marked expected volatility, while volatility resultant to unexpected return is marked unexpected volatility (French et al. 1987) . Engle (1982) suggests that the conditional variance (σ 2 ) is a function of the lagged ε 's. This implies that volatility can be forecasted by inclusion of past news as a function of conditional variance. This process is called autoregressive conditional heteroskedasticity which can be written as:
All things being equal, α i carries more intense influence as compared to α j . That is, older news bears less impact on current investment decisions which results in volatility than the current news. Bollerslev (1986) generalized the ARCH (q) model to the GARCH (p, q) in which conditional variance depends upon both the squared residuals and its own lagged value (equation 4).
Where ω t is white noise which represents unexpected volatility, whereas the first part exhibits expected volatility. A large number of studies advocate the use of GARCH (1, 1) and hold it enough to capture volatility in time series data (Aggarwal et al. 1999; Bollerslev et al. 1992; Dhankar and Chakraborty 2007; Kumar and Dhankar 2009; Mala and Reddy 2007; Nath 2006; Sah and Omkarnath 2006) . The present study also uses GARCH (1, 1) in estimating the hetero-skedasticity effect on the US stock market volatility. It can be written:
Data and Sample Period
The sample data used in the study consists of the daily opening and closing prices of the New York Stock Exchange (NYSE) listed index S&P 500 and NASDAQ listed index NASDAQ 100. The data period ranges from January 1990 to December 2007. The S&P 500 is a value weighted index and consists of 500 large cap stocks, most of which are American. This index forms the part of broader S&P 1500 1 and S&P Global 1200 2 stock market indices. All constituent stocks in the index are largely publicly held companies and trade on the two largest US stock exchanges-NYSE and NASDAQ. It represents nearly 75 per cent of the market capitalization of US equity market. The NASDAQ 100, on the other hand, is based on the 100 largest domestic and international non-financial companies listed on the NASDAQ stock exchange.
Empirical Findings Preliminary Results
A general understanding of the US stock market, can be had Table 1 which outlines the basic statistics of the NYSE and NASDAQ. The average returns of both indices are positive, highlighting the fact that stock indices have increased over the period. The negative skewness of S&P 500 exhibits that the return is negatively skewed. The negative skewness provides that the returns' distributions of the market have higher probability of providing negative returns. The skewness, however, of NASDAQ 100 is positive, highlighting the positive distribution of returns in the NASDAQ index. The high values of kurtosis as compared to 3, exhibits that indices' returns have a heavier tail than the standard normal distribution. The Jarque-Bera test, which examines the normality of return, is significant at the 5 per cent level of significance for both the indices. It outlines that returns are not normally distributed in the US stock market. Figures 1 and 2 highlight the non-normality of stock returns in the NYSE and NASDAQ stock indices. Table 1 also outlines the unit root test. The Augmented Dickey Fuller test is used here to measure the stationarity property of the US stock market return series. The test rejects the null hypothesis of unit root, i.e., non-stationarity and holds stationarity presence in time series. The stationarity presence highlights that current stock returns are significantly affected by previous stock returns.
To examine the volatility clustering, i.e., autocorrelations in stock returns, the study employs the Ljung-Box (Q) statistics. Autocorrelation plots are one common method test for randomness, and L-B statistics test the significance level of auto correlation at different lags. However, instead of testing randomness at each distinct lag, it tests the overall randomness based on a number of lags. If the stock returns turn out to be uncorrelated, then efficient market hypothesis (EMH) is accepted, thereby rejecting the null hypothesis of autocorrelation in stock returns, and the stock markets in question are deemed informationally efficient. The holding of such situations highlights the fact that stocks prices reflect all inherent information, and that investors primarily give weightage to current information in stock selection. As against this, if stock returns are found serially correlated, it will report volatility clustering in stock returns. That is, high volatility tends to be followed by high volatility and low volatility tends to be followed by low volatility. Such phenomena involves the rejection of EMH and hold that the current stock returns are significantly affected by returns being offered in the past. As indicated by Table 1 , L-B statistics 1 through 25 lags are significant, suggesting the presence of autocorrelation in stock returns in both the stock markets.
Measuring the Conditional Heteroskedasticity in Stock Market Returns and Diagnosis Testing
Figures 3 and 4 measure the volatility of daily returns of NASDAQ 100 and S&P 500 respectively. A careful examination of the index movements highlights volatility clustering. Once volatility clustering is traced, the study uses the vanilla GARCH (1, 1) model in the return series for both the stock indices. While running the GARCH (1, 1) process, the following equations are estimated for forecasting the conditional volatility in both the stock indices:
Table 2 outlines the estimated coefficients of the model with their standard error and 'z' statistics. It reports that ARCH (1) coefficients α 1 for both indices are significant at the 5 per cent level of significance. It brings out that good or bad news, which is measured by the lagged error term, has a significant impact on current volatility. In the same way, the significant GARCH (1) coefficients of both indices α 2 also report that volatility in the preceding time period has a significant impact on the volatility in the current time period. It can be observed from the results that investment decisions are significantly affected by past good or bad news, and volatility in the preceding time period.
Figures 5 and 6 show the time series plot for estimated series of conditional variance for the NASDAQ and NYSE stock indices respectively. Conditional volatility as depicted in the figures, moves qualitatively like the apparent volatility variations in the returns as indicated in Figures 3 and 4 . From Figures 5 and 6, the high volatile months can be traced with reasons why the market showed high conditional heteroskedasticity during those periods. After fitting the models, it is important to test the best fit of these models, which can significantly explain conditional volatility. The study again applied the L-B test to examine the randomness of residual and squared residuals of stock returns for both the indices in question. If the fitted models significantly explain the conditional volatility, then the residuals at different lags should have zero mean and constant variance, i.e., residuals at different lags should be serially uncorrelated. Table 3 highlights that computed L-B statistics of residuals from 1 through 25 lags of null hypothesis has no autocorrelation. The 'Q' statistics suggest no correlation in residuals of both the stock indices, holding that the fitted models best fit in explaining the volatility.
Measuring of Asymmetric Effect on Volatility
Recent empirical studies indicate that the impact of good or bad news is asymmetric on volatility (Chiang and Doong 2001; Nelson 1991; Pagan and Schwert 1990) . That is, good and bad news carry a different magnitude of impact on investment decisions. This asymmetric impact on volatility is captured by using the T-GARCH (1, 1) procedure which can be written as:
Where d t = 1 if ε t < 0, and d t = 0 otherwise. In this model, the asymmetric volatility of index return is captured by the estimated coefficient γ. Good news (ε t < 0), and bad news (ε t > 0), have differential effects on the conditional variance-good news has an impact of α, while bad news has an impact of α + γ. If γ > 0 , we say that the leverage effect exists. If γ ≠ 0, the news impact is asymmetric. Table 4 reports that coefficient γ is significant at the 5 per cent level of significance. It shows that the impact of good and bad news is asymmetric on investment decisions in both the indices.
Table 4
Fitting of the T-GARCH (1, 1) Model in the US Stock Market 
Relationship Between Stock Returns and Conditional Volatility, and Standardized Residuals
There is conflicting empirical evidence with regard to the relationship between stock returns and conditional volatility, and standardized residuals. Studies such as those by French et al. (1987) and Campbell and Hentschel (1992) find the relation between stock returns and conditional returns to be positive, while studies such as those by Turner et al. (1989) , Nelson (1991) and Glosten et al. (1993) find the relationship to be negative. The present study measures the relationship by using the following equations: 
Relationship Between NYSE and NASDAQ Trading
This section examines the relationship between the movements of S&P 500 and NASDAQ 100. Here, the study involves the use of the Granger Casualty test to track the relationship. The results report that the acceptance of null hypothesis signifies movements of S&P 500, does not affect the movements of NASDAQ 100. However, null hypothesis II is rejected and it is established that movements of S&P 500 are affected by movements of NASDAQ 100 (Table 6 ). Hence it can be observed that stock trading on NYSE is affected by the trading of NASDAQ.
Conclusion and Summary
This article provided evidence of the presence of conditional heteroskedasticity and the asymmetric effect of good and bad news on volatility. The study used two broad-based stock market indices-the S&P 500 and NASDAQ 100. The GARCH and T-GARCH models provided a good forecast of volatility which can be used by investors for a number of purposes, including asset allocation and performance measurement. Risk avert investors, for example, can forecast the volatility of their portfolios and reallocate their funds to establish a trade-off between their risk and return preferences. The findings hold that volatility significantly depends upon the past error term, which represents an unexpected rise or decline in returns and volatility in the preceding time period. That is, an unexpected rise and/or decline in stock returns and volatility in the previous period do affect investors behaviour and thereby, investment decisions. The study also reported the asymmetric effects of good and bad news on stock market volatility. That is, investors perceive and react to good and bad news differently. The positive significant relationship between stock returns and unexpected volatility highlights that investors expect a risk premium during an unexpected rise or decline in the 
